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Abstract: The airborne and satellite-based synthetic aperture radar enables the acquisition of

high-resolution SAR oceanographic images in which even the outlines of ships can be identified. The

detection of ship targets from SAR images has a wide range of applications, such as the military,

where the dynamic grasp of enemy targets can help improve the early warning capability of naval

defence, and the civilian detection of illegal fishing vessels can help improve the level of maritime

management. Due to the density of ships in SAR images, the extreme imbalance between foreground

and background clutter, and the diversity of target sizes, achieving lightweight and highly accurate

multi-scale ship target detection remains a great challenge. To this end, this paper proposes an

attention mechanism for multiscale receptive fields convolution block (AMMRF). AMMRF not only

makes full use of the location information of the feature map to accurately capture the regions in the

feature map that are useful for detection results, but also effectively captures the relationship between

the feature map channels, so as to better learn the relationship between the ship and the background.

Based on this, a new YOLOv7-based ship target detection method,You Only Look Once SAR Ship

Identification (YOLO-SARSI), is proposed, which acquires the abstract semantic information extracted

from the high-level convolution while retaining the detailed semantic information extracted from

the low-level convolution. Compared to the deep learning detection methods proposed by previous

authors, our model is more lightweight, only 18.43 M. We examined the effectiveness of our method

on two SAR image public datasets: the High-Resolution SAR Images Dataset (HRSID) and the

Large-Scale SAR Ship Detection Dataset-v1.0 (LS-SSDD-V1.0). The results show that the average

accuracy (AP50) of the detection method YOLO-SARSI proposed in this paper on the HRSID and

LS-SSDD-V1.0 datasets is 4.9% and 5% higher than that of YOLOv7, respectively.

Keywords: synthetic aperture radar (SAR); lightweight networks; ship detection; YOLOv7

1. Introduction

Synthetic Aperture Radar (SAR), with its all-weather, all-day, weather-independent imaging

characteristics, has become one of the most important tools for terrestrial observation. It transmits

electromagnetic pulses to the target area through an antenna, receives electromagnetic pulses back

from the target area, compares the received and transmitted electromagnetic pulses, and generates

images by the Doppler effect.SAR operates in an electromagnetic waveband that penetrates clouds

and dust, which allows it to provide remote sensing images in complex weather environments.

With airborne and satellite-based SAR, it is possible to obtain high-resolution SAR images of the

ocean, and ship targets as well as the ship’s tracks are clearly visible in these images. Therefore, ship

detection systems using SAR have been widely used in maritime surveillance activities and play an

increasingly important role [1–3]. Among the ship target detection methods, Constant False Alarm

Rate (CFAR) is one of the classical algorithms widely used for ship target detection, which detects ship

targets by modelling the statistical distribution of background clutter [4].This traditional algorithm is
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suitable for SAR images with simple backgrounds and does not process well in images with complex

backgrounds. In 2012, AlexNet, proposed by Alex Krizhevsky et al. [5] made a splash in the ImageNet

image recognition competition, crushing the classification performance of the second place support

vector machines (SVM). After this, convolutional neural networks (CNNs) have received renewed

attention. It has been easy to encounter the problem of gradient disappearance in CNNs. In 2015,

Kaiming He et al. proposed ResNet [6], a network with a residual block that alleviates the gradient

disappearance and has had a profound impact on the design of subsequent deep neural networks.

With the development of deep learning, current deep learning algorithms have far surpassed the

performance of traditional machine learning algorithms. Applying deep learning to image processing

can significantly improve detection accuracy and speed for tasks such as target detection and instance

segmentation [5]. Currently, many authors have applied deep learning to SAR ship target detection.

Kang et al. [7] proposed a multilayer fusion convolutional neural network based on contextual regions

and verified that contextual information has an impact on the performance of the neural network in

recognising ships in SAR images. Jiao et al. [8] fused features of different resolutions through dense

connections for solving the multi-scale and multi-scene SAR ship detection problem. Cui et al. [9]

integrated feature pyramids with convolutional block attention modules to integrate salient features

with global unambiguous features to improve the accuracy of ship detection in SAR images. To

improve the detection speed of SAR image ship, Zhang et al .[10] proposed a high-speed ship detection

method for SAR images based on grid convolutional neural network (G-CNN). Qu et al. [11] proposed

an anchor freed detection model based on mask-guided features to reduce computational resources

and improve the performance of ship detection in SAR images. Sun et al. [12] proposed a model based

on a densely connected deep neural network with an attention mechanism (Dense-YOLOv4-CBAM) to

enhance the transmission of image features. Liu et al. [13] based on YOLOv4, through feature pyramid

network (FPN) [6] to obtain multi-scale semantic information and use scale-equalizing pyramid

convolution (SEPC) to balance the correlation of multi-scale semantic information, and proposed

SAR-Net. Wang et al. [14] added multi-scale convolution and transformer module to YOLO-X to

improve the performance of YOLO-X in detecting ships. In the FBR-Net network proposed by Fu

et al. [15], the designed ABP structure uses a layer-based attention approach and a spatial attention

approach to balance the semantic information of the features in each layer, making the network more

focused on small ships. In order to improve the detection of small ships in complex background SAR

images, Guo et al. [16] combined feature refinement, feature fusion and head enhancement methods

to design a high-precision detector called CenterNet++. Considering that contextual information is

crucial for the detection of small and dense ships, Zhao et al. [17] proposed a new CNN-based method

in which as many small ships as possible are first proposed and then combined with contextual

information to exclude spurious ships from the predictions, improving the accuracy of ship detection

in SAR images.

All of the above researches have contributed to the improvement of the accuracy of ship target

detection in SAR images, but the following problems still exist:

1. Most of their SAR image ship target detection frameworks are designed for small target ships

in SAR images, and in the process of designing, the performance of recognizing multi-scale ships is

not well considered.Therefore, the detection accuracy decreases for the presence of multi-scale ships in

the SAR image.

2. Some networks use complex feature fusion in the Neck part, and it is the fusion of features

extracted from high level convolutions of the backbone network, while the semantic details about the

ship extracted from low level convolutions are easy to be “drowned out” due to the stacking of the

convolutions, which is not friendly to ship detection.

3. These methods are mainly dedicated to the improvement of the detection accuracy of ship

targets in SAR images, Sun et al. used DenseNet in each layer of convolution in the backbone

network,Wang et al. added Transformer on YOLOX,This will definitely increase the number of

parameters in the model, without taking into account the reduction of redundant parameters and
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computational costs.The redundancy in the feature maps of convolutional neural networks leads to a

large consumption of memory and computational resources [18].

To address the above problems, we propose a new detection framework based on YOLOv7 [19].

The new detection method is more lightweight and works well for multi-scale ship target detection in

SAR images.Our contributions can be summarized as follows.

1. A new convolutional block, which we name AMMRF, is proposed. for SAR images containing

ships, it obtains feature information from different sensory fields and filters this feature information,

making the network more focused on information useful for ship detection.

2. The addition of AMMRF to the backbone network of YOLOv7 makes the backbone network

more dexterous.The addition of AMMRF makes the whole detection framework complete with feature

fusion in the backbone network. Therefore, we modified the Neck part of YOLOv7 by removing the

complex feature fusion. We named the new detection framework as YOLO-SARSI.

3. The number of parameters in YOLO-SARSI is very small, only 18.43M, which is 16.36M less

compared to YOLOv7. Even so, the accuracy of YOLO-SARSI in SAR images of ship targets is still

higher than that of YOLOv7.

2. Methods

2.1. Analysis of SAR Image Features

The mainstream object detection frameworks proposed in the past, such as YOLO series, Fast-CNN

[20], etc., use common objects in context (COCO) [21] or the PASCAL visual object classes (PASCAL

VOC) [22] dataset to measure the performance of the recognition framework.Both the COCO dataset

and the PASCAL VOC dataset are widely available object detection databases with a rich set of

objects, containing 80 classes of objects in the COCO dataset and 20 classes of objects in the PASCAL

VOC dataset.

Optical color images are image data acquired by visible and partially infrared band sensors and

will usually contain grayscale information in multiple bands to facilitate target identification and

classification extraction. Figure 1 illustrates some typical pure background SAR images and optical

images of their corresponding regions.

Figure 1. Abundant pure backgrounds of SAR images in literature [23]. (a) SAR images; (b) optical

images. Sea surface; farmlands; urban areas; Gobi; remote rivers; villages; volcanos; forests.

Unlike the optical color images in the COCO dataset and the PASCAL VOC dataset, the

high-resolution SAR images dataset [24] (HRSID) and large-scale SAR ship detection dataset-v1.0 [23]

(LS-SSDD-V1.0) are grayscale images, which record only the echo information of one electromagnetic

wave band, and the pixel points on the image are the reflections of the ground target to the radar

wave, and the value of each pixel in the image is a sample, which only represents the energy of the

electromagnetic wave reflected by the ground target received by SAR.This also leads to the fact that

SAR images themselves do not carry as much semantic information as optical color images.In the radar

system, rough ground targets have a higher backscatter of the radar’s transmitted electromagnetic

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 23 October 2023                   doi:10.20944/preprints202310.1446.v1

https://doi.org/10.20944/preprints202310.1446.v1


4 of 17

waves, which means that more of the reflected electromagnetic waves can be picked up by the radar.

Smooth ground targets generally have almost no return signal and the radar will only receive high

reflected electromagnetic waves when the radar beam is perpendicular to the surface of such features.

If most of the reflected electromagnetic waves from a ground target are returned to the SAR, the target

will appear as a bright area in the SAR image, and vice versa as a dark area. Thus, flat and smooth

targets often appear as dark areas in the SAR image and rough targets appear as bright areas in the

SAR image. Objects of metallic, high dielectric constant materials, where the polarisation direction of

the incident wave is not necessarily parallel to the length direction of the target, but as long as there is

an electric field component parallel to it, it will produce resonance effect, forming a strong echo. In the

HRSID and LS-SSDD-V1.0 datasets, ships are often shown as bright blocks or bright spots, water areas

often behave as dark areas, and land areas are mostly bright areas.

There are a large number of small ships in both datasets. In Figure 2 the small ships are small in

pixel size, carry less semantic information and have fewer discriminative features.

(a) (b)

Figure 2. Ships marked in green boxes in a complicated ocean background. Figure (a) shows the SAR

image from the HRSID dataset and Figure (b) shows the SAR image from LS-SSDD-V1.0.

Next, we analyse the process of human identification of ships in SAR images. Firstly the global

information of the image is acquired and the areas of sea, harbour and sea and river banks are identified.

Secondly, we acquire the local information of the image to determine the bright spots or highlights in

the sea, harbour and river banks, and obtain more detailed information about these bright spots or

highlights to determine whether they are ships. Some of the ships in the SAR image retain the ship’s

shape, while others are simply bright blocks or bright spots. It is easy for human to identify ships in the

sea by picking up bright spots or highlights in the sea. In contrast, harbours and riverbanks have very

poor visual effects and are difficult to identify, so human needs to obtain more detailed information

about the ships in these areas, such as the brightness of the ship, whether it has the shape of a ship and

the relationship between the surrounding pixels. When human identifies a certain type of target in an

image, they can easily understand the relationships between the image global and image local and

between image localities, and unconsciously use the information reflected in these relationships when

identifying such targets in that image. As can be seen, when human identifies a ship in a SAR image,

extracting information about the image global and local is essential for identifying the ship.

From the above analysis, it is clear that:

1. SAR images are grey-scale images, and the images carry little information. Complex and

excellent detection frameworks are not necessarily suitable for SAR image ship target detection, and

there may be redundancy of convolution when using these detection frameworks in recognising ships.

2. There are many small ships in the SAR images, and the smaller ships carry less
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semantic information, which can easily be confused with other interference, leading to missed or

wrong detection.

3. As can be seen from human approach to ship detection, the network model requires global

information about the image as well as high quality semantic detail information about the ship itself.

Inspired by this, we consider that the low-level convolutional blocks should always retain the

semantic information of the ship itself, while the global information of the image can be extracted

through the superposition of the convolutional blocks.The entire recognition model should be as

lightweight as possible, which means minimizing the number of convolutions in the model.

2.2. Improved Convolution Block:AMMRF

Our proposed convolution block is shown in Figure 3, named attention mechanisms for multiscale

receptive fields convolution block (AMMRF) for the convenience of exposition. It can be divided into

three parts: 3×3 convolution for extracting features, 1×1 convolution mainly for reducing the number

of feature map channels, and coordinate attention block [25] (CA) for enhancing the ability of the

convolution block to learn feature representation.

Figure 3. The overall structure of SAR Dectection Convolution (AMMRF). Concat’s form of

concatenation allows to obtain a feature map with four times the number of channels as the input

feature map X.

GoogLeNet [26] made a big splash in the ImageNet competition in 2014, where the inception block

used to extract information from different spatial dimensions of the image by convolution of different

sizes, thus allowing feature information to be extracted on different sensory fields. Figure 3. labels the

five 3×3 convolutions in the AMMRF block as 1 to 5, which can extract feature information on different

receptive fields. Convolution 1 has a receptive field of 3×3 on the input feature map. The stacking of

convolutions 2 and 3 makes them have a receptive field of 5×5 on the input feature map. The stacking

of convolutions 2, 4 and 5 makes them have a receptive field of 7×7 on the input feature map.

The residual structure of ResNet alleviates the problem of gradient disappearance to a certain

extent, while the feature information extracted from the low-level convolution can be retained and

output to the high-level convolution. The semantic information carried by the ship itself in the SAR

image is relatively small, and the lack of feature information in the detection process can easily be

confused with other interference, leading to missed and wrong detection and affecting the final results.
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In order to enable the lower layer convolution to extract the semantic information of the ship itself to

the higher layer, we introduced the shortcut connection in ResNet in the AMMRF. This enhances the

information flow between the front and back layers, and the feature map information on the input side

is also retained on the output side, which makes the weak information of the ship itself less likely to be

overwhelmed, and mitigates the gradient disappearance, making the network training faster.

ResNet uses a summation method to sum up the feature maps in the channel direction, which

results in a loss of dimensionality and feature information. DenseNet [27] uses a stitching method to

superimpose all the feature maps in the channel direction, which can retain the feature information

better than ResNet. Therefore, the output of the five 3×3 convolutions and the output of the

shortcut concatenation was obtained using the Concat concatenation form of DenseNet. This form of

concatenation superimposes different feature maps on the channels, enabling the fusion of features

in the channel dimension, mapping the features to the interaction space, and better learning the

relationship between the ship and the background.

Concat’s form of concatenation allows to obtain a feature map with four times the number of

channels as the input feature map X. To capture the relationships between these channels, Concat is

followed by CA. CA not only makes full use of the captured location information so that the region of

interest can be captured accurately, it is also effective in capturing the relationships between channels,

which effectively enhances the ability of the AMMRF to learn feature representation.

In order to reduce the number of operations and parameters, we have reduced the number of

channels in the feature map by using 1×1 convolution at the input and output.

2.3. Network Structure

In this subsection, the differences between our network structure and YOLOv7 will be compared

and then the advantages of YOLO-SARSI will be described.The network architecture of YOLOv7 [19]

is shown in Figure 4. YOLOv7 is an anchor based detection framework. The input image is fed into

the backbone to extract features, and the backbone consists of Stem, ELAN and MP1; the feature

maps extracted from the backbone are processed by head to output three layers of feature maps with

different sizes, and the neck consists of SPPCSPC, UpSample, ELAN-H, REP and MP2. Finally, the

output is processed by detect prediction results.

Based on YOLOv7, we propose a new network architecture as shown in Figure 5, which we

named “You Only Look Once - SAR image Ship Identification” (YOLO-SARSI). It is also divided into

three parts: the backbone for feature extraction, the neck for reprocessing and rationalizing the features

extracted from the backbone network, and the head for final prediction detection.

In the backbone, we replaced the ELAN of YOLOv7 with AMMRF, while removing one layer of

MP1 and ELAN. When stacking AMMRF to extract features from SAR images, the extracted feature

maps always accept feature information of different convolutional layer depths, and the feature maps

obtained by deep convolution always retain the details of the images extracted by shallow convolution

feature information. Therefore, in the backbone, we use the stacking of AMMRF, so that the features

extracted from the backbone incorporate information from different scales and different depths of

convolution, and the presence of residual links in AMMRF can make the deep convolution also retain

the features proposed by the shallow convolution. This means that the feature information extracted in

the deep layer network retains both global and local information of the image, as well as fine-grained

feature information of the image, such as the semantic information of the ship itself. YOLO-SARSI

is still an anchor based single stage target detection model. In the backbone of YOLO-SARSI, four

3×3 convolutions form the Stem block, which extracts the detailed information of the image itself and

reduces the size of the output to one quarter of the input, completing the downsampling operation,

which reduces the number of parameters of the model.
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Figure 4. The overall structure of YOLOv7. The overall structure of YOLOv7 is drawn from the code

provided by the authors of YOLOv7.

Figure 5. The overall structure of YOLO-SARSI.

In the neck, we still use the same convolutional block as in YOLOv7, except that we do not use

any feature fusion in this part, and the number of feature maps output from the backbone network to

the neck is reduced from three to two. SPPCSPC, ELAN-H, REP and MP1 all use the blocks in YOLOv7.

In YOLOv7, upsampling was used to fuse the small size features from the high level convolution to

the large size features from the low level convolution, but upsampling often has some side effects,

such as noise amplification. If downsampling is used to fuse the feature map obtained from the

lower convolution to the small size feature map obtained from the higher convolution, there will be

redundancy of features. Therefore, in the YOLO-SARSI neck, we do not use any feature fusion. This

also allows the model to have a smaller number of parameters.

In the anchor based YOLO series, the feature maps extracted from three different depths of

convolutional layers of the backbone network are used to identify targets. The feature maps extracted

from these three different convolutional layers have different sizes and are used to detect targets of
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three different sizes. In the two datasets HRSID and LS-SSDD-V1.0, the proportion of large targets

is very small. In YOLO-SARSI, the output feature maps of the second AMMRF layer and the third

AMMRF layer are used to detect small ships and large and medium-sized ships respectively.

3. Experimental Results

In this paper, all experiments were done on a cloud server equipped with an NVIDIA V100-SXM2

(32G graphics memory) graphics processing unit (GPU). We used the Python 3.8 compiled language

to implement the training and CUDA 11.3 to accelerate the computations. In the experiments, the

SDD300 [28], Cascade R-CNN [29] , Faster R-CNN [30] , Mask R-CNN [31] are all based on the

mmdetection platform [32] , YOLOv7 is derived from the publicly available source code by the authors

of YOLOv7.

There are 5604 cropped SAR images and 16951 ships in HRSID and 9000 cropped SAR images

and 6015 ships in LS-SSDD-V1.0. The LS-SSDD-V1.0 dataset has more pure background images. The

image size in both datasets is 800 x 800 pixels2 . The ship pixel area in the image is used to measure

the ship size, i.e., the relative pixel size, rather than the physical size. The average ship pixel area

in LS-SSDD-v1.0 is only 381 pixels2, while the average ship pixel area in HRSID is 1808 pixels2. The

dataset is divided into three types of ships based on their pixel area size: small ships (pixel area less

than 482 pixels2), medium ships (pixel area between 482 - 1452 pixels2) and large ships (pixel area

greater than 1452 pixels2) [23,24]. The statistics of the number of ships of three sizes in the two datasets

are shown in Figure 6.

The number of iterations for the training cycle on the HRSID dataset was 60. The LS-SSDD-V1.0

dataset had smaller ship targets and more complex images, so the number of iterations for the training

cycle on the LS-SSDD-v1.0 dataset was 128. The dataset was provided with an image size of 800 × 800

and the input sizes in the recognition framework were all 800 × 800.

No pre-trained models were used for any of the training. That is, all models were trained from

scratch. In this paper, a model is considered successful in detecting a ship target when the IOU

value between its prediction frame and the real target frame is higher than 0.5. In order to accurately

evaluate the detection performance of each model, the MS COCO evaluation metric and Parameters

metric were used in this paper.
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Figure 6. Comparison of the number of ships of three sizes in the two datasets.

3.1. YOLO-SARSI Recognition Accuracy Evaluation

We tested some of the other good algorithms on the HRSID dataset and the LS-SSDD-V1.0

dataset for comparison with our algorithm, as Table 1 is shown. It can be seen that YOLO-SARSI

has a significant advantage over the excellent two stage detection algorithms Cascade R-CNN,

Faster R-CNN and Mask R-CNN, both in terms of AP50, and the number of parameters of the

model. Compared with YOLOv7, YOLO-SARSI improved 4.9 % on AP50 and 3.3 % on AP50:95 for the

HRSID dataset. Most of the ships in LS-SSDD-V1.0 are small targets, which have less information

on themselves and are difficult to detect, and although they only improved 1.3 % on AP50:95 for this

dataset, they improved significantly by 5.0 % on AP50. YOLO-SARSI has fewer network parameters,

which requires less hardware storage space when deployed in an embedded chip.Although the

number of parameters in SDD300 is only 5.32M more than the model presented in this paper, the AP50

and AP50:95 of YOLO-SARSI are much higher on both datasets.YOLO-SARSI is not only a lightweight

model, but also a high-precision model.

Table 1. Experimental results for the datasets.

Dataset Model AP50(%) AP50:95(%) Params(M)

HRSID

Cascade R-CNN 65.1 41.2 68.93M
Faster R-CNN 69.8 43.6 41.12
Mask R-CNN 69.9 43.9 41.12

SDD 300 56.5 36.8 23.75
YOLOv7 80.9 59.6 34.79

YOLO-SARSI 85.8 62.9 18.43

LS-SSDD-V1.0

Cascade R-CNN 55.4 20.1 68.93M
Faster R-CNN 63.4 23.9 41.12
Mask R-CNN 63.3 24.1 41.12

SDD 300 32.5 10.1 23.75
YOLOv7 61.6 25.0 34.79

YOLO-SARSI 66.6 26.3 18.43
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There are 2396 more images in the LS-SSDD-V1.0 dataset than in the HRSID dataset, but the

detection results of the same model on the LS-SSDD-V1.0 dataset are not as good as those on the

HRSID dataset. Compared to the HRSID dataset, the image quality of the LS-SSDD-V1.0 dataset was

worse. The ships in the LS-SSDD-V1.0 dataset are basically small targets, which makes it very difficult

for the model to identify the features that the ships themselves carry, such as the shape of the ship,

from these small targets.

Meanwhile, there are only 0.67 ships per image on average in the LS-SSDD-V1.0 dataset, while

there are 3.02 ships per image in the HRSID dataset, which is 4.51 times more than the former. In the

LS-SSDD-V1.0 dataset, the small number of ship targets tends to cause an imbalance between positive

and negative samples of the data, which tends to lead to a large number of negative samples making

the training process ineffective and the loss gradient of negative samples tends to dominate, leading to

a decrease in the performance of the model.

Based on the experimental results, we plotted the precision recall curves (PR curve) of each model

on the HRISD dataset and LS-SSDD-V1.0 dataset, as shown in Figure 7.

(a) (b)

(c) (d)

Figure 7. PR curve of different methods. (a): One stage models with HRSID; (b): Two stage models

with HRSID; (c): One stage models with LS-SSDD-V1.0; (d): Two stage models with LS-SSDD-V1.0;

The horizontal axis of the PR curve curve is recall and the vertical axis is precision, which reflects

the relationship between precision and recall. The area between the curve and the two axes is the AP50

. The higher the recall and precision, the better the model, i.e., the more convex the PR curve is, the

better the model. The more convex the PR curve is, the better the model is. If the PR curve of one

model is completely surrounded by the curve of another model, it can be concluded that the latter is

better than the former. From Figure 7 , it can be seen that the PR curve of YOLO-SARSI encompasses

all other models. These results show that YOLO-SARSI’s detection performance on both datasets is

significantly better than YOLOv7 and the other models.
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3.2. Instance Testing

In order to see the performance of YOLO-SARSI on specific images, we selected three images from

the HRISD dataset and LS-SSDD-V1.0 dataset, respectively, for inference in YOLOv7 and YOLO-SARSI,

and the inference results are shown in Figures 8 and 9 are shown.

(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 8. Diagram of HRISD results. Green marked boxes are ships that were detected correctly or true

marked boxes, blue marked boxes are ships that were detected incorrectly and red marked boxes are

ships that were missed.(a–c):ground truth; (d–f):YOLOv7; (g–i): YOLO-SARSI.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 9. Schematic of LS-SSDD-V1.0 results. Green marked boxes are ships that were detected

correctly or true marked boxes, blue marked boxes are ships that were detected incorrectly and red

marked boxes are ships that were missed.(a–c): ground truth; (d–f): YOLOv7; (g–i): YOLO-SARSI.

In Figure 8a, the area of land and water are almost the same, and the ships are close to the shore

with a complex background. In Figure 8b, the ships are mainly in the water, but some of them have

trailing noise. In Figure 8c, the water is mainly in the upper right and lower left corners, mostly land,

and only three ships are in the upper right corner of the image. YOLOv7 has the phenomenon of

identifying non-ship objects as ships in Figure 8a, while there are missed detections, and although

YOLO-SARSI has false detections, there are no missed detections. In Figure 8b YOLOv7 has missed

and false detections, while YOLO-SARSI perfectly detects all the ships. The recognition accuracy of

YOLOv7 in Figure 8c is only 33.3%. Although YOLO-SARSI also has a false detection in this image, it

is not difficult to find that the target of the false detection is the prominent color spot on the shore, and

YOLO-SARSI detects all the ships in Figure 8c.

In Figure 9a there are many islands, some of which are even as large as the ship in the image.
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The ships in Figure 9b are mainly distributed in the water, but there are a large number of ships on

shore, which are difficult to identify because the ships are easily confused by background clutter.

The land and water in Figure 9c have similar grayscale, while there are some bright spots on the

land.YOLO-SARSI perfectly detected all the ships in Figure 9a,c. In Figure 9b, although there are

missed ships, the ships they missed are basically shore-based ships.

In order to find out what features the model has learned, whether the features it has learned are

what we expect, or whether the model has learned cheating information, a heat map visualization of

the model’s gradient calculation results in the image is performed.

Gradient-weighted class activation mapping (Grad-CAM) [33] can help us to analyse the areas of

focus of a network model on a particular class of targets, so that the areas of focus of the network can in

turn be used to analyse whether the network has learned the correct information or features.Gradient

information of the feature maps obtained from the second layer of anchor in YOLOv7 and YOLO-SARSI

for the three images selected from the HRSID dataset were plotted using Grad-CAM, as shown

in Figure 10.

Figure 10d–i, the color depth of the pixel points, reflects the information of the area where the

model focuses on the image. The brighter the color, the more the model focuses on the feature

information at this location, which means that more information about the ship is extracted at this

location as well.In Figure 10b,c, YOLOv7 is concerned with a lot of information that is not related to

the ship.Combined with the real annotation frame, the feature gradient map of YOLO-SARSI is more

vivid in color compared to YOLOv7 for a real ship at the same location in an image, which also shows

that YOLO-SARSI can better focus on the pixel information of the ship itself.

Figure 11 plots the gradient information of the feature maps obtained from the first layer of anchor

in YOLOv7 and YOLO-SARSI for the three images in the LS-SSDD-V1.0 dataset using Grad-CAM. It

can be seen that YOLOv7 focuses on a more haphazard information for the images, which is particularly

evident in Figure 11f. It even focuses a lot on objects in the land, which leads to it having a false

detection. YOLO-SARSI focuses a lot on the ships, giving a lot of attention to the ships in the images.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 10. Schematic heat map of HRSID results. (a–c): ground truth; (d–f): YOLOv7;

(g–i): YOLO-SARSI.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 11. Schematic heat map of LS-SSDD-V1.0 results. (a–c): ground truth; (d–f): YOLOv7; (g–i):

YOLO-SARSI.

4. Conclusions

In this paper, we design a new convolutional block AMMRF, starting from dissecting the

difference between SAR images and optical colour images, and analysing the way and basis for human

identification of SAR images.Based on this, we propose a new network model for ship detection of

SAR images based on YOLOv7, which we name YOLO-SARSI. The network model is used in HRISD

and LS-SSDD- V1.0, two publicly available datasets, the results show that YOLO-SARSI has a good

performance in terms of average accuracy and model size metrics. The lightweight YOLO-SARSI

means that our models can be more easily integrated into embedded systems.It is hoped that this paper

can provide some guidance for developers and researchers exploring the field of SAR ship detection to

obtain better detection performance in practical industrial applications.
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